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TRANS-LINGUAL REPRESENTATION OF 
TEXT DOCUMENTS 

BACKGROUND 

0001. This Background is intended to provide the basic 
context of this patent application and it is not intended to 
describe a specific problem to be solved. 
0002 Creating easier tools and ways to use trans-lingual 
representations of text documents on a computing system 
makes logical sense. Trans-lingual text representations may 
be useful for a variety of purposes Such as learning things like 
language-invariant email labels or categorizers. Manipulat 
ing trans-lingual text representations to obtain useful results 
has been computationally expensive and difficult to compre 
hend. 

SUMMARY 

0003. This Summary is provided to introduce a selection 
of concepts in a simplified form that are further described 
below in the Detailed Description. This Summary is not 
intended to identify key features or essential features of the 
claimed subject matter, nor is it intended to be used to limit 
the scope of the claimed subject matter. 
0004 Disclosed is a method to use a corpora of similar 
documents in separate languages to create a representation of 
documents that can be used across multiple languages. The 
method may accept first language data where the first lan 
guage data may include a plurality of documents in a first 
language and the method may accept second language data, 
where the second language data may include a plurality of 
documents in a second language. Each document in a second 
language may be comparable to a corresponding document in 
the first language. A first document-term matrix may be cre 
ated from the first language data. The matrix may have a 
plurality of rows and each of the rows may correspond to one 
of a plurality of documents in a first language. A second 
document-term matrix may be created from the second lan 
guage data. The matrix will have a plurality of rows where 
each of the rows corresponds to one of a plurality of docu 
ments in a second language. 
0005. An algorithm may be applied to the first matrix and 
the second matrix to produce a translingual text representa 
tion. The algorithm may produce a translingual text represen 
tation by multiplying the first matrix by a third matrix, and the 
second matrix by a fourth matrix. The translingual text rep 
resentation may include a plurality of vectors, where each 
vector corresponding to either one row in the first document 
term matrix or one row in the second document-term matrix. 
The algorithm may attempt to manipulate the third and fourth 
matrices to minimize the distance between pairs of translin 
gual text representation vectors, each of which correspond to 
a document in a first language and a document in a second 
language that is comparable to the document in the first lan 
guage. The algorithm may attempt to manipulate the third and 
fourth matrices to maximize the distance between pairs of 
translingual text representation vectors which do not corre 
spond to a document in a first language and a document in a 
second language that is comparable to the document in the 
first language. 
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BRIEF DESCRIPTION OF THE DRAWINGS 

0006 FIG. 1 is an illustration of a computing device; 
0007 FIG. 2 is an illustration of a method of creating a 
trans-lingual text representation; 
0008 FIG. 3 is an illustration of a method of reducing the 
computational expense in a oriented principal component 
analysis for large margin classifiers algorithm; 
0009 FIG. 4 is an illustration of an oriented principal 
component analysis for large margin classifiers algorithm; 
0010 FIG. 5 is an illustration of a neural network algo 
rithm used to adjust a stored matrix; 
0011 FIG. 6 is an illustration of a Saimese neural network 
algorithm used to adjust a stored matrix: 
0012 FIG. 7 is an illustration of sample document term 
matrix. 

SPECIFICATION 

0013 Although the following text sets forth a detailed 
description of numerous different embodiments, it should be 
understood that the legal scope of the description is defined by 
the words of the claims set forth at the end of this patent. The 
detailed description is to be construed as exemplary only and 
does not describe every possible embodiment since describ 
ing every possible embodiment would be impractical, if not 
impossible. Numerous alternative embodiments could be 
implemented, using either current technology or technology 
developed after the filing date of this patent, which would still 
fall within the scope of the claims. 
0014. It should also be understood that, unless a term is 
expressly defined in this patent using the sentence "AS used 
herein, the term is hereby defined to mean ... or a 
similar sentence, there is no intent to limit the meaning of that 
term, either expressly or by implication, beyond its plain or 
ordinary meaning, and Such term should not be interpreted to 
be limited in scope based on any statement made in any 
section of this patent (other than the language of the claims). 
To the extent that any term recited in the claims at the end of 
this patent is referred to in this patent in a manner consistent 
with a single meaning, that is done for sake of clarity only so 
as to not confuse the reader, and it is not intended that Such 
claim term be limited, by implication or otherwise, to that 
single meaning. Finally, unless a claim element is defined by 
reciting the word “means” and a function without the recital 
of any structure, it is not intended that the scope of any claim 
element be interpreted based on the application of 35 U.S.C. 
S112, sixth paragraph. 
0015 FIG. 1 illustrates an example of a suitable comput 
ing system environment 100 that may operate to execute the 
many embodiments of a method and system described by this 
specification. It should be noted that the computing system 
environment 100 is only one example of a suitable computing 
environment and is not intended to Suggest any limitation as 
to the scope of use or functionality of the method and appa 
ratus of the claims. Neither should the computing environ 
ment 100 be interpreted as having any dependency or require 
ment relating to any one component or combination of 
components illustrated in the exemplary operating environ 
ment 100. 
0016. With reference to FIG. 1, an exemplary system for 
implementing the blocks of the claimed method and appara 
tus includes a general purpose computing device in the form 
of a computer 110. Components of computer 110 may 
include, but are not limited to, a processing unit 120, a system 
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memory 130, and a system bus 121 that couples various 
system components including the system memory to the pro 
cessing unit 120. 
0017. The computer 110 may operate in a networked envi 
ronment using logical connections to one or more remote 
computers, such as a remote computer 180, via a local area 
network (LAN) 171 and/or a wide area network (WAN) 173 
via a modem 172 or other network interface 170. 
0018 Computer 110 typically includes a variety of com 
puter readable media that may be any available media that 
may be accessed by computer 110 and includes both volatile 
and nonvolatile media, removable and non-removable media. 
The system memory 130 includes computer storage media in 
the form of volatile and/or nonvolatile memory such as read 
only memory (ROM) 131 and random access memory 
(RAM) 132. The ROM may include a basic input/output 
system 133 (BIOS). RAM 132 typically contains data and/or 
program modules that include operating system 134, appli 
cation programs 135, other program modules 136, and pro 
gram data 137. The computer 110 may also include other 
removable/non-removable, volatile/nonvolatile computer 
storage media Such as a hard disk drive 141 a magnetic disk 
drive 151 that reads from or writes to a magnetic disk 152, and 
an optical disk drive 155 that reads from or writes to an optical 
disk 156. The hard disk drive 141,151, and 155 may interface 
with system bus 121 via interfaces 140, 150. 
0019. A user may enter commands and information into 
the computer 110 through input devices such as a keyboard 
162 and pointing device 161, commonly referred to as a 
mouse, trackball or touchpad. Other input devices (not illus 
trated) may include a microphone, joystick, game pad, satel 
lite dish, scanner, or the like. These and other input devices 
are often connected to the processing unit 120 through a user 
input interface 160 that is coupled to the system bus, but may 
be connected by other interface and bus structures, such as a 
parallel port, game port or a universal serial bus (USB). A 
monitor 191 or other type of display device may also be 
connected to the system bus 121 via an interface. Such as a 
video interface 190. In addition to the monitor, computers 
may also include other peripheral output devices such as 
speakers 197 and printer 196, which may be connected 
through an output peripheral interface 190. 
0020 FIG. 2 illustrates a method of creating a trans-lin 
gual text representation. A trans-lingual representation may 
assist in the rapid creation of text categorization systems in 
multiple languages. Almost all text categorization systems 
(regardless of whether they use translingual text representa 
tion (TTR) or not) first convert a document into a bag-of 
words vector, where each element of the vector corresponds 
to a word in a Vocabulary. 
0021. There are multiple applications that require text cat 
egorization. Text categorization takes a representation of a 
document and maps it to one or more categories that the 
document belongs to. For example, email can be categorized 
into spam/not spam. News articles can be categorized into 
topics. One way to build a text categorization system is to 
train a learnable system with real data. That is, an engineer 
creates a training set of documents with corresponding known 
labels, feeds it to a classification training algorithm, which 
produces a classifier that generalizes to other documents 
(similar to the training set). One impediment to using trained 
classifiers is that they only work on a single language of 
training set: translating the classifier requires rebuilding a 
new training set in a new language, which is either inaccurate 
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(if automatic translation is used), or expensive (ifa whole new 
training set in a new language is built). 
0022. It would be useful to create a classifier from a train 
ing set in one language, and use it to create classifiers in many 
other languages, with no extra training data. This can be done 
by mapping documents in any language into the same trans 
lingual text representation (TTR). This TTR could be a vector 
of values that remains relatively invariant when a document is 
translated from one language to another. The described 
method attempts to construct a TTR by starting with a corpus 
of documents on the same topic across two or more lan 
guages. Then the method attempts to find or create a mapping 
of these documents into a TTR by finding a matrix (that 
defines a mapping from a bag of words vector into a new 
vector representation) for each language that minimizes the 
distance between comparable documents while simulta 
neously maximizing the spread of the corpus in the TTR. 
0023. At block 200, first language data may be accepted. 
The first data may include a plurality of documents in a first 
language. For example, the first language data may be web 
pages or articles in the first language. At block 210, second 
language data may be accepted. The second language data 
may include a plurality of documents in a second language. 
The combination of the first language data and the second 
language data may be considered a “comparable' corpus. A 
comparable corpus may have documents in different lan 
guages that are comparable (i.e., about the same topic). For 
example, Wikipedia articles may be used as a training corpus 
as many Wikipedia articles have interwikilinks, which show 
an article on the same topic in a different language. Interwiki 
links may be used to find comparable articles and create a 
comparable corpus. Each document in the second language 
may be comparable to a corresponding document in the first 
language. For example, the second language data may be the 
same web page or article found in the first language but may 
be in the second language. 
0024. At block 220, a first document-term matrix may be 
created from the first language data. FIG.7 may be a sample 
matrix 700. The first document-term matrix may include a 
plurality of rows 710 and each of the rows 710 may corre 
spond to one of a plurality of documents in a first language 
711, 712. For example, the first row 711 may be an article 
about the Rolling Stones in English and the second row 712 
may be about the Seattle Mariners in English. The columns 
720 may represent words common in the language in ques 
tion. For example, term 1721 may represent "orange' and 
term 2 722 may represent “blue.” Article A 711 may have the 
word orange but not the word blue where article B 712 may 
have the word blue but not the word orange. 
0025. At block 230, a second document-term matrix may 
be created from the second language data. The second docu 
ment-term matrix may include a plurality of rows and each of 
the rows may correspond to one of a plurality of documents in 
a second language. Similar to the previous example in FIG. 7. 
the first row 711 may be an article about the Rolling Stones in 
Mandarin and the second article 712 may be about the Seattle 
in Mandarin. Of course, the order and topic may be different 
as these are just examples, not limitations. For example, the 
article on the Rolling Stones may be in the 572th row in the 
second document term matrix (Mandarin) and may be in the 
first row in the first document term matrix (English). There 
also may be a table that indicates which document in English 
is comparable to a document in Mandarin. The entries in the 
first document-term matrix 700 or second document-term 
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matrix may simply be binary indications if a term is present. 
In another embodiment, the entries may indicate how many 
times the first language term is in the first language data or 
how many times the second language term is in the second 
language data. Of course, other manners and ways of indicat 
ing the presence of first or second language terms are possible 
and are contemplated. 
0026. At block 240, an algorithm may be applied to the 

first document-term matrix and the second document-term 
matrix to produce a translingual text representation. The 
translingual text representation may include a plurality of 
vectors where each vector corresponds to either one row in the 
first document-term matrix or one row in the second docu 
ment-term matrix. As mentioned previously, each row may 
represent an article in a specific language. 
0027. The algorithm to create a translingual text represen 
tation contains at least one stored matrix per language. The 
algorithm can produce a translingual representation of a col 
lection of documents by multiplying the corresponding docu 
ment-term matrix by its corresponding stored matrix. Equiva 
lently, one row of the document-term matrix (a bag of words 
of one document in a language) can be multiplied by the 
corresponding stored matrix for that language to produce a 
translingual text representation for that language. 
0028. At block 250, the algorithm may attempt to mini 
mize the distance between pairs of translingual text represen 
tation vectors which correspond to a document in a first 
language and a document in a second language where the 
document in the first language is comparable to the document 
in the second language. The algorithm does so by altering its 
stored matrices. In the previous example, a distance between 
the vectors representing an article about the Rolling Stones in 
English to the vector representing an article about the Rolling 
Stones in Mandarin may be minimized as the article may be 
same article but in different languages. 
0029. In addition, at block 260, the distance between pairs 
of translingual text representation vectors which do not cor 
respond to a document in a first language and a document in 
a second language that is comparable to the document in the 
first language may be maximized. This distance may be maxi 
mized by altering the stored matrices in both languages. As an 
example, the distance for an article about the Seattle Mariners 
may be maximized from an article about the Rolling Stones as 
the two articles presumably have little to do with each other. 
0030 The algorithm used to minimize the distance 
between like vectors and maximizes the distance between 
unalike Vectors may be one of many appropriate and logically 
relevant algorithms. In one embodiment, the algorithm may 
be an oriented principal component analysis algorithm 
(OPCA). Oriented principal component analysis algorithms 
are known, Such as the oriented principal component analysis 
described in (“Oriented Principal Component Analysis for 
Large Margin Classifiers’, S. Bermejo, J. Cabestany http:// 
portal.acm.org/citation.cfm?id=1240561) which is hereby 
incorporated by reference. As input, OPCA requires a signal 
model and a noise model. For creating a translingual text 
representation, the signal model is a matrix of how words 
co-occur in each language. The signal model may be derived 
from a set of Wikipedia articles from multiple languages. The 
noise model may be the Substitution of words in one language 
with words in another - - - this corresponds to the correlation 
between words in two different languages. Using these two 
models and the oriented principal components analysis algo 
rithm yields two stored matrices that provide a TTR which 
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may be is relatively invariant to language translation, while 
being different when presented with documents with different 
topics. 
0031 FIG. 4 illustrates OPCA at a high level. OPCA 
accepts a document-term matrix of a first language 400, and a 
document-term matrix of a second language 410. It also 
accepts a list of comparable documents 420 that links rows of 
the matrix 400 and the matrix 410. OPCAthen creates stored 
matrices M 430 and M. 440. OPCA multiplies document 
term matrix 410 by stored matrix M 430 to produce a trans 
lingual text representation (TTR) matrix 450. OPCA also 
multiplies document-term matrix 420 by stored matrix M 
440 to produce TTR matrix 460. OPCA selects matrix M 430 
and matrix M 440 to maximize the ratio of the sum of the 
distances between comparable rows in TTR matrix 450 and 
TTR matrix 455 to the sum of the distances between all rows 
of all TTR matrices. After training, a TTR vector for a new 
document can be computed by multiplying a bag-of-words 
vector for a document in a language by the corresponding 
stored matrix to produce a TTR vector that captures the mean 
ing of the document while ignoring the language used to 
express the meaning. 
0032. If the oriented principal component analysis algo 
rithm is used, it may be computationally expensive depending 
on the dimensions of the various matrices. Applying OPCA 
requires a solving a generalized eigensystem of dimension of 
the number of words in vocabularies across all languages. 
This may be impractical if done naively. Instead, OPCA may 
be performed in multiple stages, where first only (e.g.) 1/20 of 
the vocabulary may be used to create twenty limited TTRs, 
and then all twenty of these limited TTRs may be combined as 
input to a final OPCA step, creating a final TTR. 
0033. One possible method of reducing the computational 
expense in an oriented principal component analysis for algo 
rithm is illustrated in FIG. 3. At block 300, the algorithm 
splits a first document-term matrix into N non-overlapping 
document-term Submatrices for the first language (by split 
ting the first document-term matrix by grouping columns). N 
may be any whole number. In some embodiments, N may be 
selected to create a number of non-overlapping matrices 
where each non-overlapping matrix has a dimension less than 
a maximum dimension, such as 20. In another embodiment, a 
target dimension is used and N is selected to create matrices 
are close in dimension as possible to the target. Of course, 
other manners and methods of selecting nare possible and are 
contemplated. Each Submatrix corresponds to a Subset of the 
Vocabulary in the first language. 
0034. In block 305, the algorithm splits a second docu 
ment-term matrix into N non-overlapping document-term 
Submatrices for the second language, analogous to block 300. 
At block 310, the method may, for each value of i of N, 
proceed through a variety of blocks, such as blocks 315-330. 
At block 315, the algorithm is applied to the ith document 
term matrix for the first language and the ith document-term 
matrix for the second language. At block 320, the result of 
block 315 is an ith set of stored matrices that are stored within 
an ith instance of an algorithm. 
0035 Block325 then applies the ith set of stored matrices 
to the ith submatrix of the first language create TTRs in the 
first language. Block 325 then accumulates each of the TTR 
vectors as rows in an ith TTR submatrix for the first language. 
Block 330 is analogous to block 325, except that it applies the 
ith set of stored matrices to the ith submatrix of the second 
language, to produce an ith TTR Submatrix for the second 



US 2010/0324883 A1 

language. Control flows back to block 310 until all values of 
i of N have been reviewed by the algorithm. 
0036 Block 335 combines all TTR submatrices for the 

first language into a TTR matrix for the first language, by 
appending columns together. Analogously, block 340 com 
bines all TTR submatrices for the second language into a TTR 
matrix for the second language. Finally, block 345 applies the 
algorithm to the TTR matrices from the first and second 
language as if they were document-term matrices. Block 350 
thus produces and stores a final (second-level) stored matrix. 
At no point in FIG. 3 is the algorithm applied to a matrix 
whose dimension is the size of the entire vocabulary. As a 
result, the necessary computation will be reduced, saving 
processor time and memory usage. Note also that the concept 
in FIG. 3 is not limited to application to two languages only: 
the method in FIG.3 may be easily extended to more than two 
languages. Further, note that FIG. 3 is applicable to any 
algorithm that generates TTRs, beyond OPCA 
0037. In another embodiment, the algorithm may be a 
neural network training algorithm. FIG. 5 illustrates using 
neural network training at a high level. A first document-term 
matrix 400 and a second document-term matrix 410 are pro 
vided to the neural network training, along with a list of 
categories 420 for each document in the first language, and a 
list of comparable documents 432. Neural network algo 
rithms typically operate row-wise: a single row of the first 
document-term matrix 400 is multiplied by a first stored 
matrix M 430, to produce a TTR vector 450. A nonlinearity 
(such as the hyperbolic tangent) may be applied to each 
element of the TTR vector. The TTR vector is then multiplied 
with another stored matrix M 460 and a component-wise 
nonlinearity is applied to produce a predicted category vector 
470. When a single row of the second document-term matrix 
410 is applied to the neural network, it is multiplied by a 
second stored matrix M 440 to produce a TTR vector 455, 
after a component-wise nonlinearity is applied. TTR vector 
455 is then treated analogously to TTR vector 450: it is 
multiplied by matrix M 460 and subjected to a component 
wise nonlinearity to produce predicted category vector 465. 
0038. During neural network training, rows from the first 
document-term matrix are applied to the neural network alter 
nating with rows from the second document-term matrix. 
When rows from the second document-term matrix are 
applied, matrices M-440 and M. 460 are adjusted to bring the 
predicted category vector 465 closer to the true category 
vector for the corresponding document. When rows from the 
first document-term matrix are applied, matrices M 430 and 
M 460 are adjusted to bring the predicted category vector 
470 closer to the true category vector for the document in the 
first language that is comparable to the document in the sec 
ond language corresponding to the applied row. In one 
embodiment, the true category vector for the document may 
be a Wikipedia category associated with the English version 
of the document. 

0039. Note that the neural network training implicitly 
encourages TTR vectors of documents in the first language 
440 to be close in terms of mean squared error to the TTR 
vector of documents in the second language 445, because a 
single matrix M is used to make predictions with both types 
of TTR vectors. Alternatively, the neural network training 
may be altered to explicitly encourage that the TTR vector 
450 for documents in the first language be close in terms of 
mean squared error to the TTR vector 455 for comparable 
documents in the second language. Further note that the neu 
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ral network training can also be extended to handle docu 
ment-term matrices in more than two languages. 
0040. In another embodiment, the algorithm may be a 
Siamese network training algorithm. A sample Siamese net 
work training is described at http://citeseerx.ist.psu.edu/ 
viewdoc/summary?doi=10.1.1.28.4792 which is hereby 
incorporated by reference. 
0041 FIG. 6 illustrates using a Siamese network at a high 
level. The Siamese neural network may be used to train a TTR 
440 directly that has the desired properties. The Siamese 
neural network comprises a plurality of neural network archi 
tectures, one per language (e.g., 430 and 440, which are 
neural network architectures that typically contain one hid 
den layer and can use linear output units). As in the standard 
neural network training, training proceeds row-wise. In the 
case of Siamese neural networks, pairs of rows from docu 
ment-term matrices in different languages can be applied as 
inputs (400/410). Each input row is applied to the neural 
network architecture from the corresponding language. The 
output vector (450/455) from each neural network architec 
ture is treated as a TTR vector. During Siamese network 
training, if the rows correspond to comparable documents, 
then the parameters of each of the neural network architec 
tures are adjusted to minimize the distance between corre 
sponding TTR vectors. If the rows do not correspond to 
comparable documents, then the parameters of each of the 
neural network architectures are adjusted to maximize the 
distance between the corresponding TTR vectors. 
0042. In conclusion, the described embodiments of the 
method may result representations of documents that capture 
the meaning of input documents, while being relatively 
immune to being re-expressed in different languages. In addi 
tion, the TTR may be created in a manner that is computa 
tionally efficient and produces useful results. The detailed 
description is to be construed as exemplary only and does not 
describe every possible embodiment since describing every 
possible embodiment would be impractical, if not impossible. 
Numerous alternative embodiments could be implemented, 
using either current technology or technology developed after 
the filing date of this patent, which would still fall within the 
Scope of the claims. 

1. A method of creating a trans-lingual text representation 
comprising: 

accepting first language data, wherein the first language 
data comprises a plurality of documents in a first lan 
gllage. 

accepting second language data, wherein the second lan 
guage data comprises a plurality of documents in a sec 
ond language, wherein each document in a second lan 
guage is comparable to a corresponding document in the 
first language; 

creating a first document-term matrix from the first lan 
guage data, comprising a plurality of rows, each of said 
row corresponding to one of a plurality of documents in 
a first language; 

creating a second document-term matrix from the second 
language data, comprising a plurality of rows, each of 
said rows corresponding to one of a plurality of docu 
ments in a second language; 

applying an algorithm to the first matrix and the second 
matrix to produce a translingual text representation, 
wherein the translingual text representation comprises a 
plurality of vectors, each vector corresponding to either 
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one row in the first document-term matrix or one row in 
the second document-term matrix, wherein the algo 
rithm: 
minimizes the distance between pairs of translingual 

text representation vectors which correspond to a 
document in a first language and a document in a 
second language that is comparable to the document 
in the first language; and, 

maximizes the distance between pairs of translingual text 
representation vectors which do not correspond to a 
document in a first language and a document in a second 
language that is comparable to the document in the first 
language. 

2. The method of claim 1, wherein the algorithm is an 
oriented principal component analysis algorithm. 

3. The method of claim 2, further comprising: 
splitting a first document-term matrix into N non-overlap 

ping document-term Submatrices for the first language 
splitting a second document-term matrix into N non-over 

lapping document-term Submatrices for the second lan 
guage for each value i of N, 
applying the algorithm to the ith document-term matrix 

for the first language and the ith document-term 
matrix for the second language to create a result that is 
an ith set of stored matrices; 

storing the results which comprises an ith set of stored 
matrices that are within an ith instance of an algo 
rithm. 

applying the ith set of stored matrices to the ith subma 
trix of the first language create TTRs in the first lan 
gllage. 

accumulating each of the TTR vectors as rows in an ith 
TTR submatrix for the first language. 

applying the ith set of stored matrices to the ith Subma 
trix of the second language, to produce an ith TTR 
Submatrix for the second language; 

combining all TTR Submatrices for the first language into 
a TTR matrix for the first language, by appending col 
umns together 

combining all TTR Submatrices for the second language 
into a TTR matrix for the second language; 

applying the algorithm to the TTR matrices from the first 
and second language as if they were document-term 
matrices; and 

producing and storing a final stored matrix. 
4. The method of claim 1, wherein the algorithm comprises 

a Siamese network training algorithm. 
5. The method of claim 1, wherein the algorithm comprises 

a neural network training algorithm. 
6. The method of claim 1, wherein the entries in the first 

matrix further comprises how many times the first language 
term is in the first language data and wherein entries in the 
second matrix comprises how many times the second lan 
guage term is in the second language data. 

7. A computer storage medium comprising computer 
executable instructions for creating a trans-lingual text rep 
resentation, the computer executable instructions comprising 
instructions for: 

accepting first language data, wherein the first language 
data comprises a plurality of documents in a first lan 
gllage. 

accepting second language data, wherein the second lan 
guage data comprises a plurality of documents in a sec 
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ond language, wherein each document in a second lan 
guage is comparable to a corresponding document in the 
first language; 

creating a first document-term matrix from the first lan 
guage data, comprising a plurality of rows, each of said 
row corresponding to one of a plurality of documents in 
a first language; 

creating a second document-term matrix from the second 
language data, comprising a plurality of rows, each of 
said rows corresponding to one of a plurality of docu 
ments in a second language; 

applying an algorithm to the first matrix and the second 
matrix to produce a translingual text representation, 
wherein the translingual text representation comprises a 
plurality of vectors, each vector corresponding to either 
one row in the first document-term matrix or one row in 
the second document-term matrix, wherein the algo 
rithm: 
minimizes the distance between pairs of translingual 

text representation vectors which correspond to a 
document in a first language and a document in a 
second language that is comparable to the document 
in the first language; and, 

maximizes the distance between pairs of translingual 
text representation vectors which do not correspond 
to a document in a first language and a document in a 
second language that is comparable to the document 
in the first language. 

8. The computer storage medium of claim 7, wherein the 
algorithm is an oriented principal component analysis algo 
rithm. 

9. The computer storage medium of claim 8, further com 
prising computer executable instructions for: 

splitting a first document-term matrix into N non-overlap 
ping document-term Submatrices for the first language 

splitting a second document-term matrix into N non-over 
lapping document-term Submatrices for the second lan 
guage 

for each value i of N: 
applying the algorithm to the ith document-term matrix 

for the first language and the ith document-term 
matrix for the second language to create a result that is 
an ith set of stored matrices; 

storing the results which comprises an ith set of stored 
matrices that are within an ith instance of an algo 
rithm. 

applying the ith set of stored matrices to the ith Subma 
trix of the first language create TTRs in the first lan 
gllage. 

accumulating each of the TTR vectors as rows in an ith 
TTR submatrix for the first language. 

applying the ith set of stored matrices to the ith Subma 
trix of the second language, to produce an ith TTR 
Submatrix for the second language. 

combining all TTR Submatrices for the first language into 
a TTR matrix for the first language, by appending col 
umns together 

combining all TTR Submatrices for the second language 
into a TTR matrix for the second language; 

applying the algorithm to the TTR matrices from the first 
and second language as if they were document-term 
matrices; and 

producing and storing a final stored matrix. 
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10. The computer storage medium of claim 7, wherein the 
algorithm comprises a Siamese network training algorithm. 

11. The computer storage medium of claim 7, wherein the 
algorithm comprises a neural network training algorithm. 

12. The computer storage medium of claim 7, wherein the 
entries in the first matrix further comprises how many times 
the first language term is in the first language data and 
wherein entries in the second matrix comprises how many 
times the second language term is in the second language 
data. 

13. A computer system comprising a processor for execut 
ing computer executable instructions, a memory for assisting 
execution of the computer executable instructions and an 
input/output circuit, the computer executable instructions 
comprising instructions for 

accepting first language data, wherein the first language 
data comprises a plurality of documents in a first lan 
gllage. 

accepting second language data, wherein the second lan 
guage data comprises a plurality of documents in a sec 
ond language, wherein each document in a second lan 
guage is comparable to a corresponding document in the 
first language; 

creating a first document-term matrix from the first lan 
guage data, comprising a plurality of rows, each of said 
row corresponding to one of a plurality of documents in 
a first language; 

creating a second document-term matrix from the second 
language data, comprising a plurality of rows, each of 
said rows corresponding to one of a plurality of docu 
ments in a second language; 

applying an algorithm to the first matrix and the second 
matrix to produce a translingual text representation, 
wherein the translingual text representation comprises a 
plurality of vectors, each vector corresponding to either 
one row in the first document-term matrix or one row in 
the second document-term matrix, wherein the algo 
rithm: 
minimizes the distance between pairs of translingual 

text representation vectors which correspond to a 
document in a first language and a document in a 
second language that is comparable to the document 
in the first language; and, 

maximizes the distance between pairs of translingual 
text representation vectors which do not correspond 
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to a document in a first language and a document in a 
second language that is comparable to the document 
in the first language. 

14. The computer system of claim 13, wherein the algo 
rithm is an oriented principal component analysis algorithm. 

15. The computer system of claim 14, further comprising 
computer executable instructions for: 

splitting a first document-term matrix into N non-overlap 
ping document-term Submatrices for the first language 

splitting a second document-term matrix into N non-over 
lapping document-term Submatrices for the second lan 
guage 

for each value i of N: 
applying the algorithm to the ith document-term matrix 

for the first language and the ith document-term 
matrix for the second language to create a result that is 
an ith set of stored matrices; 

storing the results which comprises an ith set of stored 
matrices that are within an ith instance of an algo 
rithm. 

applying the ith set of stored matrices to the ith Subma 
trix of the first language create TTRs in the first lan 
gllage. 

accumulating each of the TTR vectors as rows in an ith 
TTR submatrix for the first language. 

applying the ith set of stored matrices to the ith Subma 
trix of the second language, to produce an ith TTR 
Submatrix for the second language. 

combining all TTR Submatrices for the first language into 
a TTR matrix for the first language, by appending col 
umns together 

combining all TTR Submatrices for the second language 
into a TTR matrix for the second language; 

applying the algorithm to the TTR matrices from the first 
and second language as if they were document-term 
matrices; and 

producing and storing a final stored matrix. 
16. The computer system of claim 13, wherein the algo 

rithm comprises a Siamese network training algorithm. 
17. The computer system of claim 13, wherein the algo 

rithm comprises a neural network training algorithm. 
18. The computer system of claim 13, wherein the entries 

in the first matrix further comprises how many times the first 
language term is in the first language data and wherein entries 
in the second matrix comprises how many times the second 
language term is in the second language data. 
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